Study objectives: Knowing that mortality is high in patients who require mechanical ventilation patients with community-acquired pneumonia (CAP), we hypothesized that the severity of acute lung injury could be used along with nonpulmonary factors to identify patients with the highest risk of death. We formulated a prediction model to quantitate the risk of hospital mortality in this population of patients. Design: Historical prospective study using data collected over the first 24 h of mechanical ventilation. We utilized a hypoxemia index- ( Key words: hypoxemia index; intensive care; mechanical ventilation; outcome; pneumonia; prognosis Abbreviations: APACHE II ϭ acute physiology and chronic health evaluation II; AUC ϭ area under the curve; CAP ϭ community-acquired pneumonia; CI ϭ confidence interval; DNR/DNI ϭ do not resuscitate/do not intubate; Fio 2 ϭ fraction of inspired oxygen; P(A-a)o 2 ϭ alveolar-arterial oxygen pressure difference; PAo 2 ϭ alveolar partial pressure of oxygen; PEEP ϭ positive end-expiratory pressure; ROC ϭ receiver operating characteristics; SAPS ϭ Simplified Acute Physiology Score; V e ϭ minute ventilation C linicians in the ICU must often distinguish between patients who have a reversible medical illness and those whose condition is so advanced that aggressive medical care will be of little impact. Such knowledge can clearly influence overall treatment strategies as well as aid in discussions about prognosis.
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Community-acquired pneumonia (CAP) represents one of the most common causes of ICU admission. 1 Prior investigations of CAP in the ICU have shown that the requirement for mechanical ventilation is associated with increased mortality compared with nonventilated patients. [2] [3] [4] [5] [6] [7] [8] However, among the subgroup of patients requiring mechanical ventilation, the severity of lung injury has not been evaluated in detail as a prognostic factor. Therefore, it is uncertain whether prognostic criteria in the literature (derived from mixed populations of ventilated and nonventilated patients) remain pertinent in the patient requiring mechanical ventilation. We hypothesized that the extent of lung injury is a cardinal determinant of outcome in patients with respiratory failure from community-acquired pneumonia, and formulated a hypoxemia index: (1 Ϫ lowest [Pao 2 / PAo 2 ]) ϫ (minimum Fio 2 to maintain Pao 2 at Ͼ 60 mm Hg) ϫ 100, where Fio 2 is the fraction of inspired oxygen and PAo 2 is the alveolar partial pressure of oxygen, to measure the extent of lung injury. The advantage of this index over single measurements in time, such as the Pao 2 , alveolar-arterial oxygen pressure difference (P(A-a)O 2 ), Pao 2 /Fio 2 , Pao 2 /PAo 2 , Fio 2 , and level of positive end-expiratory pressure (PEEP), is that it accounts for improvement or worsening of lung injury because it summarizes the degree of lung injury over a given time period.
We present a prediction rule to quantitate the risk of hospital mortality in mechanically ventilated patients with CAP. The rule utilizes information obtained over the first 24 h of mechanical ventilation. Early, accurate prognostic estimates may be useful for establishing treatment objectives if clinicians can identify patients with a very high mortality risk for whom prolonged ICU care may not be beneficial. Early knowledge of which patients are highly unlikely to survive may help alleviate physician, patient, and family anxiety arising from prognostic uncertainty in the first few days of critical illness, as well as help facilitate discussions about care near the end of life.
This study utilizes multivariate analysis, which adjusts for confounding variables while selecting for predictors that independently contribute to the discriminate power of the model. Only a few studies of severe CAP in the ICU have utilized multivariate analysis. 2, 3, 7 Logistic regression is a form of multivariate analysis that yields a calculated probability of an outcome (in this study, hospital mortality) once the values of each independent variable are known. We hypothesized that these techniques could identify a subset of patients with severe CAP whose lung injury and other prognostic variables predicted a very low chance of survival. Furthermore, using receiver-operator curve receiver operating characteristics (ROC) analysis, we compared the performance of the prediction rule with other recognized ICU prediction models (simplified acute physiology score [SAPS] and acute physiology and chronic health evaluation [APACHE] II).
Materials and Methods

Patient Selection
We reviewed chart data from 144 consecutive admissions of adult patients with severe CAP requiring mechanical ventilation. The study was approved by our institution's committee on human research. The patients were admitted to the ICU of Moffitt-Long Hospital between July 1994 and July 1997. Nine patients were excluded because of misplaced records. The main outcome measure was hospital mortality. Thirty-five predictive variables and antibiotic use, assessed over the first 24 h of mechanical ventilation, were compared in the surviving vs nonsurviving 
Definitions
CAP was defined as an acute respiratory illness acquired in a nonhospital setting and manifested by characteristic symptoms (cough, sputum production, dyspnea, pleuritic chest pain, or altered mental status) with the appearance of a new compatible radiographic infiltrate, accompanied by fever (Ͼ 38.5°C) or hypothermia (Ͻ 36.0°C), and/or an abnormally increased or decreased WBC count (normal range, 3,400 to 10,000 cells/mL). Aspiration as an overt cause was defined similarly, with the addition of a predisposing factor such as altered mental status, coma, drug or alcohol intoxication, seizure, vomiting prior to the onset of respiratory symptoms, the presence of an impaired gag reflex, or a witnessed aspiration event. All patients required mechanical ventilation for one or more of the following reasons: hypoxemic respiratory failure (generally, Pao 2 Ͻ 60 mm Hg on maximal supplemental oxygen); hypercarbic respiratory failure (generally, pH Ͻ 7.25 with Pco 2 Ͼ 50 mm Hg); or the inability to protect the airway due to depressed mental status. Immunosuppression was defined as the use of corticosteroids (prednisone Ն 20 mg/d) or other immunosuppressive medications (cyclophosphamide, cyclosporine, etc.), HIV infection with CD4 count Ͻ 200, neutropenia with absolute neutrophil count Ͻ 1,000, or other medical disorders known to cause immune dysfunction, such as chronic granulomatous disease, chronic lymphocytic leukemia, or multiple myeloma. Medical comorbidities were defined as diabetes mellitus, alcoholism, IV drug use, COPD, asthma, chronic interstitial lung disease, chronic liver disease, coronary artery disease, congestive heart failure, systemic lupus erythematosus, chronic renal insufficiency or failure, cystic fibrosis, cerebrovascular disease, solid tumor, or hematologic malignancy. Examples of medical conditions with a median prognosis for survival Ͻ 5 years included cancer of the esophagus, stomach, biliary tract, pancreas, lung; metastatic cancer from any site; AIDS with a CD4 count Ͻ 200 9 ; cirrhosis with ascites or varices 10 ; oxygen-dependent COPD 11 ; New York Heart Association Class III-IV congestive heart failure 12 ; dialysis-dependent chronic renal failure 13 ; multiple myeloma 14 ; myelodysplastic syndrome 15 ; and acute myelogenous leukemia. 16 We recorded the lung injury score as defined by Murray et al, 17 the SAPS according to Le Gall et al, 18 and APACHE II according to Knaus et al. 19 ARDS was defined as the presence of bilateral radiographic infiltrates accompanied by a Pao 2 /Fio 2 ratio Ͻ 200. 20 Definitions for nonpulmonary organ failure were as follows: (1) cardiovascular: mean arterial pressure Ͻ 60 mm Hg or need for vasopressors Ͼ 6 h; (2) acute renal failure: urine output Յ 479 mL/24 h or Յ 159 mL/8 h, serum BUN Ն 100 mg/dL, or serum creatinine Ն 3.5 mg/dL; (3) hematologic: WBC count Ͻ 1,000 cells/mL, platelets Յ 20,000 cells/mL, or hematocrit Յ 20; and (4) neurologic: Glasgow Coma Score Ͻ 6 in the absence of sedation. These criteria are identical to those of Knaus et al 21 
Formulation of hypoxemia index
It was our clinical observation that the degree of lung injury varies markedly over the first 24 h of mechanical ventilation in CAP, when pneumonia is in evolution and antibiotics are taking effect. Therefore, we perceived a need to utilize a measure other than standard correlates of lung injury (Pao 2 /Fio 2 , Pao 2 /PAo 2 , Fio 2 , PEEP, presence of ARDS, and P(A-a)o 2 ) which rely on a single measurement in time. We therefore formulated the hypoxemia index (see formula in second introductory paragraph), which integrates the most abnormal value of one parameter, the Pao 2 /PAo 2 , and the least abnormal value of another parameter, the Fio 2 , over a 24-h interval. In effect, the hypoxemia index summarizes the state of lung injury over a given time period, since it does not rely on single data points. The scale of measurement, 0 to 100 in proportion to severity, is easily interpreted.
Data Collection
The following data were recorded from ICU flowsheets within the first 24 h after initiation of mechanical ventilation: the lowest Pao 2 /PAo 2 ratio, with alveolar Po 2 defined as 713 ( The derivation of the prediction rule by logistic regression was based on the premise that aggressive, ongoing intensive care was offered until death was imminent. Thus, 12 patients were excluded from this analysis. These patients included those who were extubated and transferred out of the ICU in stable condition and were given a "do not intubate, do not resuscitate" status for various reasons (often such decisions are made on the basis of subjective criteria, ie, quality of life judgments, and can be difficult to measure in a quantitative prediction rule), then died of recurrent respiratory failure when not reintubated (n ϭ 11). In such cases, it was often not clear if survival would have been achieved by further trials of intensive care or mechanical ventilation. In addition, we excluded one patient who was initially intubated but from whom intensive care was subsequently withdrawn when the patient's prior preferences against lifesustaining treatment became evident. Such exclusions are appropriate because in a clinical setting, early prognostic estimates should be based on the assumption that aggressive, intensive care will not be restricted.
Statistical Analysis
The software programs Statistica 5.1 (StatSoft; Tulsa, OK), SPSS 6.1.4 (SPSS Inc; Chicago, IL), SimStat for Windows (Provalis Research; Montreal, QC), and Stata 5.0 (Stat Corp; College Station, TX) were utilized for statistical analysis. Categorical variables were analyzed by 2 ϫ 2 contingency tables using Fisher's Exact Test. Continuous variables were compared by the Mann-Whitney U test. Significant univariate predictors (twotailed p Ͻ 0.05) were entered into a forward stepwise logistic regression analysis, with criteria for entry and exit at p Ͻ 0.05 and Ͻ 0.10, respectively. Probabilities for death were correlated with a score derived by adding the products of each independent predictor with its regression coefficient, ie, Score ϭ (b 1 x 1 ) ϩ (b 2 x 2 ) ϩ (b 3 x 3 ) ϩ. . . , and so on. Using the general logistic regression equation, the probability of death is related to the score by the following:
where b 0 is the intercept; b 1 , b 2 , b 3 , etc, are regression coefficients; and x 1 , x 2 , x 3 , etc, are values for independent predictors. The model's goodness of fit was assessed by the method of Hosmer and Lemeshow. 22 To identify patients with an extremely poor chance of survival, we report the score above which the expected probability of death is Ͼ 95%. Cross-validation was used to assess variable selection and classification rates. 23 ROC curves were constructed to compare sensitivity and specificity at all thresholds for our prediction model, our cross-validated model, SAPS, and APACHE II.
To further assess performance of the various measures of lung injury (hypoxemia index, Pao 2 /PAo 2 , Pao 2 /Fio 2 , lung injury score, presence of ARDS, P(A-a)o 2 , Fio 2 , and PEEP), we derived separate prediction models, starting from the 13 significant nonpulmonary univariate predictors (see Table 1 , A) and forcing one of the eight measures of lung injury into the model. Performance parameters (correct classification rates, goodnessof-fit tests, ROC curves, and identification of cases with Ͼ 95% mortality) were then compared.
Results
Subject Characteristics
The study population consisted of 144 patients; overall hospital mortality was 46% (n ϭ 66). All data were obtained during the first 24 h of mechanical ventilation, except where noted. Tables 1 and 2 show baseline characteristics of the study population. An etiologic organism was identified in 30% of patients, with Streptococcus pneumoniae, Haemophilus influenzae, and Staphylococcus aureus being the most common isolates (Table 3) . Table 4 details antibiotic use at the start of mechanical ventilation.
For nonsurvivors assigned Ͼ 95% probability of death (by our prediction rule, using the hypoxemia index as the measure of lung injury-see equation 2, below), mean survival after intubation was 6 days (95% confidence interval [CI], 4 to 8 days). Table 5 lists modes of death in this population. The majority of nonsurvivors died while in the ICU (82%) or while intubated (74%). Intensive care (pressors and/or ventilatory support) was actively withdrawn prior to death in 78% of nonsurvivors. Among those who died while intubated, 92% had care actively withdrawn. No patient survived after a cardiopulmonary resuscitation attempt (n ϭ 9). Thirteen percent died with significant CNS injury.
Univariate Analysis
The 35 variables shown in Tables 1 and 2, plus the  17 antibiotics shown in Table 4 , were examined for association with hospital nonsurvival. By univariate analysis, 21 of the variables in Tables 1 and 2 and two of the antibiotics listed in Table 4 were significantly associated with hospital mortality, at p Ͻ 0.05. These included all measures of lung injury (hypoxemia index, the minimum Fio 2 to maintain Pao 2 Ͼ 60 mm Hg, PEEP, the lung injury score, presence of ARDS, P(A-a)o 2 , Pao 2 /PAo 2 , and Pao 2 /Fio 2 ratio) as well as immunosuppression, the number of nonpulmonary organs failed, isolation of an etiologic organism, male sex, age Ͼ 80 years, the presence of a preexisting medical condition with a median prognosis for survival Ͻ 5 years, pressor requirement, V e, number of days in hospital prior to mechanical ventilation, bilateral radiographic involvement, the number of radiographic lobes involved, radiographic spread of infiltrates during the first 24 h of mechanical ventilation, and use of vancomycin or antifungal therapy. Aspiration was associated with decreased hospital mortality. Variables that were not associated 
Multivariate Logistic Regression Analysis
To correct for confounding, the 23 significant univariate predictors were analyzed by multivariate logistic regression. This analysis yielded five independent predictors of hospital mortality (Table 6) We classified predicted outcome into three categories based on the score: (1) score Ͻ 9.20 predicts hospital survival, with mortality risk Ͻ 50%; (2) score between 9.20 and 12.14 predicts mortality with risk 50% to 95%; and (3) score Ͼ 12.14 predicts mortality with Ͼ 95% risk.
At a 50% mortality threshold (score ϭ 9.20), the model correctly classified outcome in 88% of cases, with a sensitivity of 85%, specificity of 90%, positive predictive value of 85%, and negative predictive value of 90%. A score Ͼ 12.14 identifies patients with an extremely high mortality risk (Ͼ 95% probability of death); 28 subjects had a score Ͼ 12.14. Of note, no survivors were misclassified at the 95% mortality threshold, yielding a positive predictive value of 100% and specificity of 100% (lower bound of 95% CI, 89%).
ROC curves assess outcome discrimination, ie, death vs survival, and are based on sensitivity and specificity at all thresholds. 24 The area under the ROC curve (AUC) is an indicator of test performance; an AUC of 1 indicates perfect performance, whereas an AUC of 0.5 indicates that a test performs as well as chance, ie, "fifty-fifty" discrimination. ROC analysis yielded an AUC for our prediction model of 0.95 (95% CI, 0.91 to 0.99), which was significantly better than those for SAPS and APACHE II, at 0.69 (95% CI, 0.59 to 0.78) and 0.76 (95% CI, 0.67 to 0.85), respectively (Fig 1) .
Cross-Validation
This method uses the variability in the original data sample to simulate prediction performance in a new population. 23 One subject is removed from the original data set, and then significant predictors are determined by univariate analysis. Stepwise logistic regression is then performed to derive a new prediction model. The new equation is used to calculate the probability of hospital mortality for the left-out case. The procedure is repeated for all remaining cases.
The five variables selected by our original prediction model (hypoxemia index, nonpulmonary organ system failure, immunosuppression, age Ͼ 80 years, and medical prognosis Ͻ 5 years) were selected in 89% of the cross-validation trials. At a mortality threshold of 50%, cross-validation misclassified 17% of cases, compared with the misclassification rate of 12% in the original data set. This predicts a classification error rate approaching 17% when our rule is applied to other populations. At a 95% mortality threshold, the positive predictive value and specificity each remained 100% in the cross-validated model, ie, no survivors were misclassified at the 95% mortality threshold. The AUC for the cross-validated model was 0.90 (95% CI, 0.84 to 0.96; Fig 1) . Table 7 displays the performance characteristics of nine different prediction models; each has one measure of lung injury forced into the model (hypoxemia index, Pao 2 /PAo 2 , Pao 2 /Fio 2 , lung injury score, presence of ARDS, P(A-a)o 2 , Fio 2 , or PEEP), along with the nonpulmonary variables selected by stepwise logistic regression. In addition, a model is shown that has no measure of lung injury included. Correct classification rates, AUCs, the number of high-risk patients identified (Ͼ 95% predicted mortality), and goodness-of-fit tests are compared. In all categories (except for model fit), the model that utilized the hypoxemia index yielded the best performance, although the other models performed nearly as well. Of note, at a 95% mortality threshold, the positive predictive value and specificity were each 100% for all nine models, ie, no survivors were misclassified at this threshold.
Comparison of Lung Injury Indices in Prediction Rules
Discussion
We have found that the extent of lung injury as well as other nonpulmonary factors are important independent markers of prognosis in patients with CAP requiring mechanical ventilation. These predictors were incorporated into a model that shows good discriminative ability (88% accuracy in outcome classification) in our study. Furthermore, the model identified patients with the poorest prognosis (Ͼ 95% probability of death in hospital) without misclassifying survivors. Importantly, the model utilizes data readily obtained within the first 24 h of instituting mechanical ventilation. Based on ROC analysis, the prediction rule's performance was su- perior to that of SAPS and APACHE II in our population of patients with CAP and respiratory failure.
This study has some limitations. Because the rule was derived from a relatively small population of less than 150 patients, the regression coefficients might vary if the derivation were based on a larger group. There was discrepancy between the error rate via the cross-validated model (17%) and the original error rate (12%), suggesting somewhat poorer outcome discrimination (at a 50% mortality threshold) when applied to other populations. However, the 95% mortality threshold retained 100% positive predictive value and specificity, even in the cross-validated model. Observed mortality may have been underestimated compared with the larger population of subjects with CAP and respiratory failure: some patients may have been systematically excluded from mechanical ventilation because of clinicians' perception of a low chance of survival or patients' informed refusal of life-sustaining treatment relating to personal preference or perceived poor prognosis. Our population was from a tertiary-care university hospital, which may limit generalizability to other institutions. Finally, the prediction rule requires further validation in a separate cohort before it can be used reliably in a clinical setting. Specifically, the 95% mortality threshold (score Ͼ 12.14) must be shown to be robust in a much larger number of patients before it can serve as an indication for withdrawal of intensive care.
There was no standardized threshold for instituting mechanical ventilation. We relied on the clinicians' judgment at the time of illness to determine whether mechanical ventilation was appropriate. Therefore, mechanical ventilation was initiated at various levels of respiratory failure ranging from moderate to severe. This variation has, however, allowed us to quantify the contribution of a wide range of lung injury to mortality risk. For example, the observed values for our patients' hypoxemia indices ranged from 10 to 94 (on a scale from 0 to 100). Across this range, mortality varies markedly. To illustrate, a hypothetical patient who is older than 80 years, is immunosuppressed, has no nonpulmonary organ systems failed, and does not have a medical prognosis Ͻ 5 years has a predicted hospital mortality of 32% at a hypoxemia index of 40, but the risk increases to 96% at a hypoxemia index of 90. This is the first study to report that the degree of lung injury is the most important prognostic criterion in mechanically ventilated patients with CAP. Only a few studies of severe CAP in the ICU have incorporated multivariate analysis. 2, 3, 7 Prognostic factors reported by these studies were as follows: anticipated death within 5 years, shock, bacteremia, nonpneumonia-related complications, ineffective antibiotic therapy, radiographic spread of pneumonia, SAPS Ͼ 13, and infection by S pneumoniae or Enterobacteriaceae. There are several possible reasons why the predictors in our study differ. We studied only mechanically ventilated patients, whereas all prior studies of severe CAP had mixed populations of ventilated and nonventilated patients. Thus, as one would expect, lung injury becomes a much more important variable in our population and may have outweighed other variables that were significant in prior studies, such as bacteremia, radiographic spread of pneumonia, and SAPS score. Secondly, because the major focus of our paper was to establish early prognostic estimates, we did not examine variables such as response to antibiotics and nonpneumonia-related complications that would require collection of data beyond the first day of mechanical ventilation. We did find, however, that none of the antibiotics in Table 3 were significantly associated with survival in the multivariate analysis. This suggests either that antibiotic selection did not differ significantly between the two groups, or that factors other than antibiotic selection have the strongest impact on outcome in the mechanically ventilated patient. Finally, of those published studies of severe CAP that utilized multivariate analysis, observed mortality ranged from 22% to 28%. 2, 3, 7 The observed mortality in our study was much higher (46%), arguing that our population consisted of sicker patients with different markers of mortality. The higher mortality, and thus greater number of end points, in our study lends greater strength to the selection of predictor variables in the analysis. Because the degree of acute lung injury may be a dynamic process in CAP, especially during the first 24 h of mechanical ventilation when pneumonia is in evolution and antibiotics are taking effect, we speculated a priori that isolated single measurements in time (ie, P(A-a)o 2 , Pao 2 /PAo 2 ratio, Pao 2 /Fio 2 ratio, PEEP, and Fio 2 ) may not accurately reflect the state of lung injury; therefore, we derived the hypoxemia index to account for fluctuations and to summarize the state of derangement throughout a 24-h interval. When compared with the other correlates of lung injury (P(A-a)o 2 , Pao 2 /PAo 2 ratio, Pao 2 /Fio 2 ratio, PEEP, Fio 2 , presence of ARDS, and the lung injury score), logistic regression selected the hypoxemia index as the best predictor of risk. Furthermore, direct comparison of separate logistic regression models, each employing one of these eight measures of lung injury in addition to the nonrespiratory predictors, showed that use of the hypoxemia index led to the best model performance. However, as shown in Table 6 , the models using other measures of lung injury performed nearly as well, implying that lung injury can be measured by several methods.
There is one significant limitation to the use of the hypoxemia index. If arterial blood gases are not drawn frequently, the true minimal Fio 2 to maintain Po 2 Ͼ 60 mm Hg will not be known and the value for the hypoxemia index may be inaccurate. In such cases, it may be prudent to record the minimum Fio 2 to maintain the pulse oximeter arterial oxygen saturation at Ͼ 90% as a surrogate measurement. Furthermore, it remains to be determined whether the hypoxemia index retains good predictive ability in other ICU cohorts with acute respiratory failure, ie, COPD, ARDS, bone marrow transplant recipients, and AIDS with P carinii pneumonia. A prospective study is needed to further compare the performance of the hypoxemia index with standard measurements of lung injury.
The estimated mean mortality by our prediction rule was relatively low (mean, 29%) among 11 patients who survived an initial trial of mechanical ventilation, were subsequently given a do not resuscitate/do not intubate (DNR/DNI) order, then died of recurrent respiratory failure when reintubation was withheld. Reasons for the DNR/DNI orders were mixed and included patient preference for less aggressive care, patient/clinician estimate of poor quality of life if survival was achieved, and clinician's overall estimate of survival being extremely low. Because of the retrospective nature of this study, the primary reason for the DNR/DNI orders could not be determined by chart review for some patients. These results raise the possibility, however, that clinicians may have overestimated mortality risk in some cases. Indeed, studies have shown there is significant variability in physicians' estimates of survival among critically ill patients, [25] [26] [27] arguing for more widespread use of quantitative prediction rules that can reduce the level of prognostic uncertainty.
The better performance of our prognostic model in comparison to APACHE II and SAPS (as shown by ROC analysis) suggests that disease-specific prognostic indices might be more accurate for evaluating uniform intensive care populations than indices derived from heterogeneous groups (APACHE II, SAPS). Such indices utilize physiologic parameters without weighting of organ system derangements according to the predominant underlying pathology (ie, lung injury in pneumonia). Indeed, other investigators have found that generic indices such as APACHE II do not perform well when applied to homogeneous populations consisting of AIDS patients, cardiac arrest survivors, and acute renal failure patients. [28] [29] [30] In summary, we have derived a prediction rule for estimating mortality in patients with CAP requiring mechanical ventilation, utilizing data obtained during the first 24 h of assisted ventilation. Among the predictor variables, the extent of lung injury measured by the hypoxemia index is the most important prognostic factor. In this population, the model correctly classified outcome in 88% of cases and identified high-risk patients (Ͼ 95% predicted mortality) with 100% positive predictive value and 100% specificity. Although the model requires further validation, it may be useful as an objective, quantitative aid for identifying patients with far-advanced pneumonia and respiratory failure whose condition may be irreversible despite aggressive intensive care.
